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Abstract
Purpose – The purpose of this paper is to investigate which sectors are more vulnerable to human capital
depreciation, with an emphasis on potential differences in skills and in ICT intensities.
Design/methodology/approach – The authors estimate an extended Mincerian earnings equation based
on Neuman and Weiss’s (1995) model using the EU-KLEMS international database for 15 sectors for the
period from 1980 to 2005. The authors also test structural ruptures in earnings and human capital
depreciation in the labor market per decade controlling by technological intensity.
Findings – Human capital depreciation ranges from 1 to 6 percent. It is mainly significant in skill-intensive
sectors regardless of the sector’s technological intensity. The analysis of structural breaks shows that human
capital value indeed changed from decade to decade. It even appreciated in low skill-intensive sectors in the
1980s and in the high skill-intensive during the 1990s. Appreciation though, was mainly skill-biased.
Research limitations/implications – Information about on-the-job-training and non-cognitive skills that
can also affect human capital depreciation are not included due to lack of data.
Practical implications – To prevent human capital from depreciating in particular sectors and
periods educational systems should provide the tools for ongoing lifelong learning at all skills levels.
Education is subject to dynamic effects that should be addressed to increase the potential benefits of
technological change.
Originality/value – First, instead of using cross-section analysis which is considered to be a pitfall in
studying the depreciation of knowledge, the authors observe its dynamic on a longitudinal basis. Second, the
international macro-sectoral approach goes beyond limited micro-sectoral analysis in certain countries.
Keywords Technology, Education, ICT, OECD, Human capital depreciation
Paper type Research paper
1. Introduction
Human capital decreases when workers’ skills do not meet labor market needs. This
reduction, called human capital depreciation, can be due to a deterioration of their skills
(e.g. from ageing) or to technological and organizational market changes. Depreciation can
also result from demographic changes when younger, higher skilled workers pressure the
labor supply in sectors where skills are more important than experience.
The combination of changing worker and labor market profiles leads to obsolescence of
workers’ skills and a mismatch in supply-demand profiles. Obsolescence affects worker market
value, measured by income, which therefore depreciates. The problem is particularly relevant
for individuals and societies from OECD countries. In these economies, in which skills and
innovation are key competitive factors, the ageing population is becoming a concern.
Neuman and Weiss (1995) proposed to estimate human capital depreciation using an
extended version of the Mincerian earnings equation. It incorporates an interaction term
between schooling and experience, which allows to unentangle it from experience
depreciation. This model has been used in literature with cross-sectional data on workers’
skills. However, the use of cross-sectional analysis can be considered a pitfall in studying the
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depreciation of knowledge, because analyzing the effect of human capital over time requires
a longitudinal data set that is not always available.
Another characteristic of human capital depreciation studies has been the almost
exclusive approach of focusing on high-tech vs low-tech industries. Literature has conceded
more importance to the impact of technological change in high-tech industries than in
others. The objective of this research is to analyze the human capital depreciation at a
sectoral level, independently of its technological intensity.
This essay has three methodological novelties. First, we use sectoral macro-panel data
from the OECD allowing us to adopt a dynamic perspective that addresses the technical
drawback of the cross-sectional micro-level analysis. In this sense, the use of macro-level
regressions could help to close the gap in the literature. Second, our macro-sectoral approach
provides a broad panorama of human capital depreciation, with an international view that
transcends individual sectors or countries. We control by countries’ technological intensity
to take into account heterogeneity and its evolution. Finally, we test structural ruptures by
decade and sector.
We analyze the period from 1980 to 2005. In these years, the debate over information and
communication technologies (ICT) jobs’ complementarity vs replacement gained strength
with the spread of new technologies available in the 1980s and 1990s. There is evidence that
until the late 1980s technological changes in developed economies were mostly skill-biased
and contributed to inequality (see Autor et al., 1998; Goldin and Katz, 2008; Goos et al., 2009;
Acemoglu and Autor, 2011).
However, during the 1990s, the increasing demand for high-skilled workers was
accompanied by a relative decline in demand for middle-skilled rather than low-skilled
workers. This phenomenon was called labor market polarization (Autor and Dorn, 2013;
Goos et al., 2009). By studying structural breaks, this paper contributes to the literature
during those decades of technological transition, in our case the loss of market value of
workers’ skills (i.e. human capital depreciation). The inclusion of structural breaks shows
that human capital value indeed changed between decades.
In the analysis of the productive sectors with harmonized data of 12 OECD countries, we
employed econometric techniques that provide robust estimates in the presence of
endogeneity as well as spatial and temporal dependencies of an unknown order.
Unlike other findings, our results indicate that aggregated human capital depreciation is
independent of sectors’ skill level and ICT intensity. It is significant and ranges from 1 to
6 percent. These results imply that workers are exposed to reduced earnings, which is
relevant from a social policy point of view and calls for continuing education to maintain the
value of human capital at all skills levels. Another important finding was that appreciation
of human capital also occurred and was mainly skill biased.
The rest of the paper is organized as follows. Section 2 discusses previous human capital
depreciation research and theory; Section 3 describes the data; Section 4 explains the
baseline model; Section 5 discusses the results; and Section 6 offers concluding comments.
2. Theoretical framework and background literature: human capital depreciation
2.1 The concept
Human capital relates to a broad concept of skills and conditions (i.e. education, talent, health
and experience) that determine productivity and earnings. Becker (1964) and Ben-Porath
(1967) originated the framework model that relates human capital with education and
productivity, and conceived the definition of schooling or education attainment as a proxy for
human capital.
When human capital depreciates, returns diminish. The main reason for this depreciation
is obsolescence that can be classified according to two general causes (Van Loo et al., 2001;
De Grip and Van Loo, 2002; De Grip, 2006).
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Technical or internal human capital obsolescence. This first type refers to a loss of skill
caused by the natural ageing process, a worker’s physical deterioration, illness or injury and
skill atrophy from a lack of, or insufficient, use of skills. Although ageing is natural, not all
individuals in different industries (even within industries) and countries (because of local
working conditions) face an identical distribution of internal depreciation. The process may
affect people at a different “rate” and jobs and occupations may wear on workers unevenly[1].
Some skills may also deteriorate or become outdated owing to career interruptions and
unemployment. This obsolescence, although different per individual, is assumed to be
intrinsic to human nature.
Economic or external obsolescence. External obsolescence is attributable to a worker’s
environment. It occurs alongside systematic changes in the production process, the labor
market, the organization of tasks or the introduction of new technologies. These changes
transform individual qualification and tasks demands for the job (see Autor et al., 2003;
Michaels et al., 2014; Frey and Osborne, 2017; Graetz and Michaels, 2017).
The difference between internal and external depreciation is that internal depreciation
reduces a worker’s qualifications and earnings (economic value), while external depreciation
only diminishes the worker’s value in the labor market. A worker’s skills value drops when
the demand for those skills are no longer relevant, even if the skills themselves still exist.
The external depreciation can vary according to market conditions, technological changes
and intensity and workers’ adaptability.
External human capital depreciation becomes particularly relevant in a context of
accelerated penetration of new technologies. Rosen (1975) and Ben-Porath (1967) were
among the first to study this kind of depreciation. Younger workers are beneficiaries of new
technologies since they grew up with recent knowledge of the technology and were adapted
to it at school (see also Janssen and Backes-Gellner, 2009).
Human capital depreciates when technological change makes a worker’s knowledge
outdated, incorrect or less generalized than in earlier times. Hence, we refer to depreciation
as a relative productivity reduction that diminishes the value of workers’ skills in the labor
market. In this context, human capital loses value when the worker’s knowledge relates to
technologies that are no longer used.
2.2 External human capital depreciation and technological progress, by skills or sectors
Workers are exposed to different degrees of technology depending on the sector in which
they work or the task they perform, and their qualifications are linked to these tasks. Higher
qualified or skilled workers will hold jobs in which they have a comparative advantage,
generally assumed in literature as being in technology-intensive or high-tech sectors or in
industries that demand knowledge-based tasks. Technological progress will therefore not
affect every worker of the labor market in the same way.
There are contradictory findings on the effect of worker’s educational attainment on
human capital depreciation. There is supporting evidence that higher skills are associated
with higher obsolescence and depreciation rates (e.g. Mincer, 1974; Neuman and Weiss,
1995; Murillo, 2011), and that depreciation is lower in workers with elementary skills or
education because they do not undergo many changes over time. It is argued that changes
occur in more innovative and technology-oriented tasks performed by high-skilled workers.
On the other hand, there are studies that demonstrate that education reduces human
capital depreciation because, when environment and technology change, a better-educated
worker will regain this capital more quickly (Gould et al., 2001; Van Loo et al., 2001).
Empirical evidence supports both arguments. Economic theory does not have a
canonical model about the impact of technological evolution, which can be of different types
depending on the characteristics of the sectors, regions and time periods analyzed.
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To address the research on how technology affects human capital, studies have focused
the analysis within or by sectors. To this end, they have proposed different industry
classifications in order to identify the high-tech sectors, the technology-producing industries
(product-oriented) or the technology-intensive sectors (see Sabadash, 2013; and OECD, 2016
for an explanation). Our research investigates depreciation controlling by ICT intensity. A
novelty from a macro perspective.
2.3 Measurement of human capital depreciation, dependent variables
The estimation of human capital depreciation has mainly focused on the evolution of two
labor market variables: unemployment and earnings. The first vein of studies calculates the
probability of becoming unemployed or dropping out of the labor market (see Van Loo et al.,
2001; Allen and De Grip, 2007; Frey and Osborne, 2017) dependent on technology or
market changes.
In the second approach, earnings evolution analyses have looked at skill premiums and
relative wage changes according to workers’ skills. Some have focused on the inequalities
they create in the labor market and society (e.g. Goos and Manning, 2007; Autor and Dorn,
2013). Others have estimated human capital depreciation using an extended version of the
basic Mincerian equation (e.g. Neuman and Weiss, 1995; Weber, 2014; Castillo, 2016). This
paper uses the aforementioned methodology of estimation for three reasons: it allows for
differentiating internal from external depreciation; working with earnings facilitates
sectoral comparisons; and unemployment and inequality have been examined as
depreciation indicators in the 1980s and 1990s, but the loss of value of human capital in
the labor market has rarely been analyzed. Despite these explanations, using earnings as a
proxy for human capital value is not without certain drawbacks. In some job markets,
depreciation may be underestimated when there is downward wage rigidities and legislation
of minimum wage.
2.4 Empirical evidence based on sectoral and skills analysis
The extent to which different sectors are subject to technological change has varied over
time and across countries, and empirical evidence of human capital depreciation analyzed
by sectoral technological intensity is scarce and contradictory.
One reason for this is that the classification of sectors by technological intensity has
employed different criteria. For example, Neuman and Weiss (1995) divide industry sectors
into high-tech and low-tech firms with data from Israel’s 1983 worker census in order to
compare human capital depreciation in each sector. Firms are classified as high-tech if they
contract engineers and technicians, have capital less than six years old, and carry out research
and development (R&D) activities. The authors test whether the effect of interaction between
workers’ level of education and work experience has a more negative impact on earnings
when they are employed in high-tech rather than low-tech firms. They conclude that
depreciation is relatively more important in the high-tech sectors, which hire higher skilled
workers (i.e. electronics/transport equipment, chemicals/minerals and metals).
We can find another example of sector classification with data concerning a developed
country, Spain, in Murillo (2011). She defines sectors according to their technological
intensity, using their R&D expenditure, following the OECD (2003) criteria. Additionally,
she classifies manufacturing firms into four groups: low; medium-low; medium-high, and
high technological content. By using pseudo-panel data created using two cross-sectional
datasets from Spain in 1995 and 2002, she also finds that technology threatens higher skilled
human capital more than the medium skilled, but regardless of the sector’s technological
intensity, and depreciation is not statistically significant for low-skilled workers.
Using their particular sectoral criteria, other authors obtain less straightforward conclusions
from human capital depreciation according to skill attainment. Arrazola et al. (2005) analyze data
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from 1994 in the Spanish labor market and find no evidence of heterogeneous depreciation by
education level. They observe other variables that explain depreciation such as employer sector
(private or public), workers’ recent unemployment spells, and whether they undertook training
courses. On the other hand, Groot (1998) finds contradictory results in Great Britain and the
Netherlands. Depreciation by skill level is heterogeneous in the British sample (from the 1990s)
and it is higher for lower skilled workers. In the Dutch survey (from the mid-1980s), he finds that
the rate of depreciation increases with years of education.
Sectoral analyses by technological intensity using cross-sectional data have also been
pursued in Latin America, for example, Soto et al. (2007) and Castillo (2015) for Mexico and
Castillo (2016) for Chile, Colombia, Mexico and Peru. The results concur with those that find
human capital depreciation to be skill biased in developed countries.
2.5 Technological change and earnings in the 1980s and the 1990s
Prior the 1980s, in developed countries, the rate of growth of the relative supply of skills
narrowed educational wage differentials. Around 1980, workers’ skills continued to grow at
a slower pace (Goldin and Katz, 2008). There is a consensus in the literature that in the 1980s
and onwards, the supply of skilled workers was absorbed by the labor market driven by the
adoption of computers and information technology. Nevertheless, overall wage inequality
also increased in a number of countries, evidencing uneven impacts of technology,
depending on worker’s skills profiles (Goos and Manning, 2007; Goos et al., 2009).
The computer revolution, as it was usually called, began with the commercial use of
computers in the 1960s, which then continued throughout the development of the internet
and e-commerce in the 1990s (Frey and Osborne, 2017). Still in the 1970s and 1980s,
computers were a very small fraction of the capital stock that had a measurable impact, but
during the 1980s and 1990s, the cost of computers rapidly decreased and its share increased.
At the same time, bar code scanners and cash machines spread across retail and financial
industries. The first personal computers with word processing and spreadsheet were
introduced in the early 1980s. After 1995, the web and e-commerce rapidly developed and
settled by 2005. This type of technological changes had an impact in productivity and
introduced innovations in buying and selling, and in the learning-by-using process.
Inventions since 2000 extended to entertainment and communication, to create small, smart
and capable devices, but did not particularly concentrate in production processes as in the
1980s or 1990s (Gordon, 2012).
Consequently, there is evidence that between 1980 and 2005 the occupational structure of
the labor market was reshaped (Goos et al., 2009). For example, the share of US labor in
service occupations grew by 30 percent after having been flat or declining in the three
decades prior (Autor and Dorn, 2013). This trend impacted wages, worker’s occupation
reallocations and increased returns on cognitive abilities (Ingram and Neumann, 2006).
2.6 Measures of technological intensity
Direct measures of technological intensity are not available across countries and years.
Different indicators have therefore been used for measuring technology with varying
results, depending on the indicator. An example of the differences among the indicators can
be observed in Acemoglu and Restrepo (2017). They analyze the technological impacts on
employment and wages in the USA between 1990 and 2007 with two different technology-
related variables: information technology capital growth and the increased use of robots.
While ICT capital growth is observed in electronics, education, construction and services,
robotization is experienced mainly in automotive-plastic-chemicals and metal-products. The
two technology-related variables changes did not occur in the same sectors nor did they
have an even impact on labor.
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Early literature analyzing technological intensity effects on the labor market used R&D
expenditures as the primary variable. More recently, ICT data available in databases like
EU-KLEMS have also been used. For example, Michaels et al. (2014) constructs instrumental
variables with ICT data to demonstrate polarization in the labor market of the USA, Japan,
and nine European countries from 1980 to 2004.
In this paper, we observe the sectors’ ICT intensity by calculating the ICT stock share as a
proportion of total capital stock. In the next section, we examine the sectors by technological
intensity and workers’ skills profile.
3. Data and descriptive statistics
Our data comes from the EU-KLEMS data set (O’Mahony and Timmer, 2009), funded by the
European Commission. It is designed to measure economic growth, productivity,
employment creation, capital formation and technological change at an industry level for
all European Union member states. Our sample of 12 countries is conditioned by the
availability of the skill composition variables needed for this research[2]. It covers the period
1980–2005 for Australia, Austria, Czech Republic, Denmark, Finland, Germany, Italy, Japan,
Spain, The Netherlands, UK and the USA[3].
The sectors analyzed in this study can be observed in Table I. The data about the whole
economy is directly available in the original database. All together, we work with 15 sectors
plus the whole economy. Our final sample has 284 observations. The years included in the
analysis (up to 2005) were restricted by the availability of the EU-KLEMS data set.
We constructed our panel data from the following variables.
3.1 Earnings (e)
Average hourly earnings per person engaged (employees, self-employed and family
workers) expressed in 1995 euros. The earnings variable was not available as such, so it was
necessary to structure it from the labor compensation (LAB), labor services (LAB_QI) and
number of persons engaged (EMP) variables.
3.2 Education (edu)
Average years needed to complete the education level held by the engaged person.
EU-KLEMS provides data on three different skill groups: high (college and above), middle
(high school, some college education and people with nonacademic professional degrees)
and low (less than high school).
The database provides information on the share of engaged persons by three age bands
(15–29, 30–49, 50 and higher). To estimate accumulated years of education, the share of each
group was calculated and weighted, assuming 17 years for high-skills (maximum
educational attainment), 12 years for medium skills and 7 years for low skills.
3.3 Experience (exp)
Average years of net potential experience of engaged persons. We constructed this variable
by computing the difference between the age of individuals (midpoint of the age band) and
the years of education, minus 6 years (pre-formal education).
Table I breaks down the data by sector and Table II by country. Workers with higher
education are disproportionately distributed in: education, health/social work, real-estate/
renting/business-activities, public-administration and financial-intermediation (column 6). In
the education sector, almost half of the workers are university graduates. A second group of
sectors, with a higher than average share of middle-skilled workers, includes: electricity/gas/
water, post/telecommunications and wholesale/retail-trade. The remaining group of sectors
includes those with the lowest educational attainment.
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All sectors and countries have experienced a skill upgrade as indicated by the share of
workers with higher education in column 6: on average, the share increased from 9.0 percent
in 1980 to 16.3 percent in 2000 and, by country, Australia, Finland, Japan, Spain and USA
reached a higher proportion.
Despite the sectors’ unequal changes in skill upgrading and countries labor market
differences, the ranking of sectors with regard to skill intensity in 1980 was quite similar
twenty-five years later. This might suggest that sectors play an invariable role in clustering
skills profiles (Michaels et al., 2014).
Due to the demographic structural changes, the share of young skilled workers with higher
education within the high-skilled workers’ category declined throughout those decades
(column 7). In the whole economy, in 1980, almost a quarter of the high-skilled workers were
15–29 years old, but in 2000 the proportion diminished to 20 percent. The decline was
particularly noticeable in agriculture-hunting-forestry-fishing and in mining/quarrying.
Almost all sectors show an increase in the average hourly labor compensation during the
period. For the whole economy, real earnings more than double from 1980 (€7.6) to 2000
(€15.5) (column 8).
Column 9 shows that in many sectors and countries in the 1980s, the ICT intensity was
close to zero and grew dramatically in the next decade. The change, in absolute terms, was
higher than the average in these seven sectors: post/telecommunications, financial-
intermediation, wholesale/retail-trade, other-community/personal-services[4], construction,
manufacture and transport/storage. The latter four are also low-skill-intensive.
It is worth noting that not all sectors operate the same in the different countries. The ICT
intensity per sector was variable within countries. The most homogenous were manufacture,
education, financial-intermediation and wholesale/retail-trade. However, from the 1980s to the
1990s, all the countries have reduced their sectors’ ICT stock share heterogeneity, showing a
convergence in their mode of production.
4. The model: Neuman and Weiss’s earning function
The profitability of individuals’ investment in education is commonly estimated through the
standard Mincerian earning function (Mincer, 1974). This function fits a semi-log ordinary
least squares regression. The natural logarithm of earnings (e) is the dependent variable,
explained by the years of formal education (edu) and net potential years of labor market
experience (exp) quantified as age – edu – 6:
ln eð Þ ¼ b0þa1eduiþa2expiþd1exp2i þei; (1)
where i ¼ country.
The coefficient α1 is usually interpreted as the average individual’s returns on education,
and α2 as the returns on their experience. Experience depreciation is represented by δ1, the
coefficient of experience squared, but education depreciation is omitted in the Mincerian
equation. This omission might generate specification bias of returns on education, which is
non-static over time.
Neuman and Weiss (1995) add the human capital depreciation rate coefficient δ2 to the
Mincerian function (1). This is obtained as a single parameter interacting with the schooling
and experience variables (eduexpit) in the following equation:
ln eð Þ ¼ b0þa1eduitþa2expitþd1exp2itþd2eduexpitþeit ; (2)
where i ¼ country and t ¼ year.
The introduction of this term (δ2) makes it possible to differentiate depreciation related
either to worker’s ageing or his more outdated education. The authors emphasized that their
model does not focus on the peak or the inflection point from which human capital starts
Sectoral
analysis in
OECD
countries
depreciating but instead it concentrates on the profile shift. They argue that the peak might
move or become less pronounced over time, making “this approach more appropriate for
panel studies where peaks may not be found” (p. 950). Although Neuman and Weiss (1995)
refers to α1 as human capital returns, it would not be a properly comparable term with it in
Equation (1), because its value is conditioned by the introduction of the interaction effect
(Card, 2001; Heckman et al., 2008; Hanushek and Woessmann, 2012).
Our macroeconomic approach overcomes three main inconveniences of using Mincer’s
equation with cross-sectional data in a particular moment to study depreciation of workers’
skills that certainly might vary over time. First, although age-cohorts represent the
progression of human capital depreciation quantified in the analysis, the assumed
conditions are static. Data on depreciation estimators come from earnings that are reported
at a specific moment and under specific economic and production conditions. Therefore,
data depreciation estimations are valid for a particular time.
Second, with this approach we cannot separate real changes (i.e. due to modifications of
workers’ characteristics and market-determined wage levels) from behaviors that mutate
over time (the cohort effect).
Third, the cross-section approach assumes that individuals’ lifetime earnings will follow
the same pattern over time. The basic Mincerian equation assumes perfect certainty about
future earnings in a static economic environment and production context, with an invariant
occupational structure, and technological capital and an organization of production without
improvements or evolution.
Additionally, to capture the possible effect that ICT intensity might have on our
coefficient of interest, δ2, we calculate the equation controlling by ICT intensity per year, ictt.
Finally, in order to analyze the structural break between decades we introduce the
dummy variable since 1990 where δ3 is a differential intercept coefficient, telling
us how much ln(e) has changed, on average, since 1990 (or a particular year in the early
1990s). We also study the joint effect of since90 with the eduexp (depreciation)
variable as expressed in Equation (3) to see if not only the intercept but also the slope of
the regression changes:
ln eð Þ ¼ b0þa1eduitþa2expitþa3icttþd1exp2itþd2eduexpit
þd3since 1990iþd4since 1990iUeduexpitþeit : (3)
In linear panel data, the residuals commonly present heteroscedasticity and time correlation
due to the combination of cross-section and time series. To address this situation, we first
tested the panel data serial correlation using the method proposed byWooldridge (2002) and
implemented by Drukker (2003). Second, we calculated heteroscedasticity using a modified
Wald statistic, following Greene (2000), to avoid sensitiveness to the assumption of
normality of the standard Wald test errors. This test is preferable in unbalanced panels like
ours. Third, we performed a Pesaran (2004) cross-sectional dependence (CD) test on the
residuals of the regression model. The xtscc Stata routine module developed by Hoechle
(2007) let us calculate fixed effects (within) regression with CD and spatial correlation and
robust Driscoll and Kraay-DK (1998) standard errors.
Driscoll and Kraay (1998) propose a nonparametric covariance matrix estimator that
offers robust standard errors in the presence of heteroscedasticity and autocorrelation of
error terms of the type AR (unknown order) and facilitates robust estimations under spatial
and time dependence of unknown magnitude. As described in Gimenez et al. (2017), this
estimator is convenient for the analysis of cross-sectional units that might share common
characteristics, as might be the case for the countries we studied.
We tested the spatial correlation of the regression with the CD Pesaran’s test (2004). Time
dependence was also tested with different lags (up to six). Due to autocorrelation of one or
IJM
the other, or both (spatial and time), the estimators were calculated with DK standard errors
which also have asymptotic properties for panels such as ours in which TWN. The
assumption of independence among countries would be invalidated in the presence of
spatial autocorrelation.
Finally, to test endogeneity that can affect estimator consistency due to the potential
correlation between regressors and the error term, we used an instrumental variable (IV )
estimator: the average of schooling lagged one year. Endogeneity was detected in two
samples for the 1980–2005 period: whole economy, and real-estate/renting/business-
activities but when we analyze the two subperiods (1980–1989 and 1990–2005), endogeneity
disappears, so there is no need for IV.
5. Results
Table III shows the results of the estimation of the extended Neuman and Weiss equation.
The eduexp coefficient is significant in the case of the whole economy in the 25-year period
(column 1). When the coefficient has a negative sign, it is interpreted as human capital
depreciation. At the sectoral level, human capital depreciation is observed either in the low
skill-intensive sectors or in those in the middle. It reached 5.7 percent annually in mining/
quarrying; 4.0 percent in manufacture; 3.1 percent in wholesale/retail-trade; and 1.1 percent
in other-community/personal-services.
The eduexp coefficient shows a positive sign in some of the sectors. Although the
literature has not expressed it as “appreciation,” the result would make sense if there is
on-the-job training or reinvestment in education that maintains or upgrades the value of
human capital as might be the case for the whole economy. In the whole economy, human
capital appreciation was also consistent in the analysis per country. An alternative
explanation for human capital appreciation in particular sectors might be the shortage of
high-skilled younger workers as in the agriculture-hunting-forestry-fishing sector. Its new
entrants had lower education levels, which might have reduced the pressure in favor of
experienced workers in the sector.
The results confirm that economies have gone through a structural break since 1990, when
the expansion of ICT share of capital stock began to grow faster. In Table III, the specific year
of significant structural changes in the intercept and the slope are shown. As expected, all
sectors show a significant change in workers’ earnings in the 1990 s (the intercept).
Additionally, changes in the slope coefficient from the interaction of the dummy variable with
the eduexp variable are also statistically significant in all except for real-estate/renting/
business-activities. In some sectors, changes in human capital depreciation do not always go
along with a structural change in earnings. That is the case for whole economy, health/social
work and construction. Since all sectors but real-estate/renting/business-activities present a
structural break from the 1980s to the 1990s in human capital value, the analysis per decade
proves to be relevant.
Table IV shows the split by decade of the eduexp coefficient (columns 2 and 3). It
evidences heterogeneous variation of depreciation by sector. Human capital depreciation in
the 1980s was significant in education, public-administration and post/telecommunications;
and in the 1990 s again in education. In both periods, human capital depreciation was skilled
biased. Is in the period as a whole in which less skill-intensive sectors depreciate (wholesale/
retail-trade, manufacture and mining/quarrying).
Wholesale/retail-trade presented the highest appreciation coefficient (8.8 percent in the
1980s, column 4). To this regard, Bessen (2015) mentions that in 1980 the number of cashiers
grew despite the introduction of bar code scanners in supermarkets. Technological change
was speeding up, but the supply of workers was keeping the pace. The parallel paces in that
period might explain the lack of consequences on human capital depreciation, as well as
other unobservable variables such as on-the-job training.
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(1) (2) (3) (4) (5) (6) (7) (8)
Whole
economy
Education Health and
social work
Real
estate
Public
administr.
Financial
intermed.
Other
comm.,
soc. serv,
Electricity,
gas and
water
Driscoll Kraay OLS a a
edu 0.283*** −0.144 −0.589* b −5.457 0.208 0.485* 0.363** 0.858***
(0.063) (0.349) (0.224) (5.090) (0.326) (0.204) (0.110) (0.153)
exp −0.144 −0.264 −0.488*** −5.569 0.488** 0.002 0.213 0.518***
(0.168) (0.338) (0.087) (5.764) (0.159) (0.065) (0.134) (0.076)
exp2 0.002 0.001 0.001 0.062 −0.012*** 0.003** −0.002 −0.006***
(0.004) (0.004) (0.002) (0.071) (0.001) (0.001) (0.002) (0.001)
eduexp 0.003** 0.019 0.037** 0.263 0.007 −0.007 −0.011* −0.010
(0.001) (0.015) (0.011) (0.251) (0.012) (0.009) (0.005) (0.006)
ictt 3.061** 1.391* 1.264* −3.077 −1.248 0.790* 0.787** 4.955***
(1.175) (0.553) (0.575) (3.650) (0.659) (0.303) (0.241) (1.306)
Constant 4.479 10.074*** −6.555 −2.764 −2.993 −13.202***
(6.069) (2.378) (4.076) (2.042) (1.975) (1.778)
Country fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Sig. structural change
(Intercept): all
countriesc 1990 1990 1990 1994 1990 1990 1991 1990
Sig. structural change
(Intercept and slope):
all countriesc 1994 1990 1993 No 1990 1990 1991 1990
Use of IV edu (t−1) Yes Yes
Observations 271 284 284 271 284 284 284 284
N_clust 25 25
r2b 0.757 0.479 0.430 0.264 0.628 0.815 0.344 0.843
(9) (10) (11) (12) (13) (14) (15) (16)
Post and
telecom.
Wholesale
and retail-
trade
Mining and
quarrying Construct. Manufact.
Transport,
storage
commun.
Hotels,
restaur.
Agricult.,
hunting,
forestry,
fishing
Driscoll Kraay OLS
edu −0.023 1.086*** 2.454*** 1.239* 1.472*** −0.068 0.653** −0.139
(0.121) (0.202) (0.209) (0.492) (0.169) (0.178) (0.220) (0.172)
exp 0.366** 0.696* 0.889*** 0.162 0.916*** −0.474* 0.601 0.471*
(0.131) (0.275) (0.132) (0.309) (0.159) (0.202) (0.307) (0.203)
exp2 −0.010*** −0.009 −0.006** 0.003 −0.012** 0.005 −0.011* −0.014***
(0.002) (0.005) (0.002) (0.004) (0.003) (0.002) (0.005) (0.003)
eduexp 0.012* −0.031*** −0.057*** −0.024 −0.040*** 0.020* −0.013 0.032***
(0.004) (0.008) (0.008) (0.020) (0.006) (0.008) (0.013) (0.006)
ictt 2.089*** 1.714*** 2.097 −1.085** 3.066** 0.918 1.237 −2.241*
(0.385) (0.243) (2.164) (0.304) (0.884) (0.507) (1.076) (1.076)
Constant −3.929 −13.642** −27.751*** −10.675 −18.539*** 6.635 −9.925* −8.183*
(2.289) (3.874) (2.818) (5.782) (2.227) (3.250) (3.975) (3.350)
Country fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Sig. structural change
(Intercept): all
countriesc 1990 1990 1990 1990 1990 1990 1990 1990
Sig. structural change
(Intercept and slope):
all countriesc 1990 1990 1990 1993 1990 1990 1990 1990
Use of IV edu (t−1)
Observations 284 284 284 284 284 284 284 284
N_clust
r2b 0.652 0.720 0.742 0.537 0.770 0.572 0.561 0.692
Notes: Standard errors in parenthesis. Italic means significant with negative sign (depreciation), and gray means significant
but with positive sign (appreciation); Countries pooled by sector: Australia, Austria, Czech Republic, Denmark, Finland,
Germany, Italy, Japan, Spain, The Netherlands, UK and the USA; aEstimators using IV under the presence of endogenous
regressors; br2 reported when no IV where used is the r2 within; cthe structural breaks were also tested excluding Germany
and Czech Republic (that only have data for the 90 s), but results, except for the whole economy in which the intercept and
slope presented the change one year before (1993) were robust. *po0.1; **po0.05; ***po0.01
Table III.
Estimation of
Neuman and Weiss
earning function for a
pool of OECD
countries (1980–2005)
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Another result to highlight is that 4 out of 7 sectors previously identified as the high ICT
intensive show expected depreciation rates for the whole period (other-community/personal-
services, wholesale/retail-trade and manufacture) or in part of it (post/telecommunications).
Depreciation was also observed in ICT-non intensive sectors such as education and
public-administration.
These results are in line with those of Castillo (2016) in which manufacture and service
sectors were found to be more vulnerable to depreciation for Chile, Colombia, Mexico and
Peru. The results also coincide with Janssen and Backes-Gellner (2009), who found that the
human capital of workers performing knowledge-based tasks suffers more depreciation
than that of individuals performing experience-based tasks, although they do link it to
technological content. Surprisingly, in our work, the eduexp coefficient is significantly
positive in some unskilled-intensive sectors in the 1980s, though mainly in skill-intensive
sectors in the 1990s.
There is a lack of consensus in the literature on the magnitude of human capital
depreciation. In Spain, Murillo (2011) finds maximum depreciation rates of 3 percent in high-
skilled occupations in construction and business services sectors and in middle-skilled
1980–2005 (1) 1980–1989 (2) 1990–2005 (3)
Sectors
Whole economy 0.003** 0.008*** 0.001
Education 0.019 −0.063*** −0.023*
Health and social work 0.037** 0.052** 0.081***
Real estate, renting and business-activities 0.263 0.034 0.027***
Public-administration, defense and compulsory social security 0.007 −0.027* 0.021*
Financial-intermediation −0.007 0.017** 0.015***
Other-community, social and personal services −0.011* −0.023 −0.028
Electricity, gas and water supply −0.010 0.033*** −0.011
Post and telecommunications 0.012* −0.038*** 0.019**
Wholesale and retail-trade −0.031*** 0.088** 0.005
Mining and quarrying −0.057*** −0.015 −0.026
Construction −0.024 −0.028 −0.004
Manufacture −0.040*** −0.014 −0.004
Transport, storage and communications 0.020* 0.027* 0.009
Hotels and restaurants −0.013 −0.003 −0.007
Agriculture, hunting, forestry and fishing 0.032*** 0.034** 0.063***
Countries
Australiaa −0.657 0.084 0.004
Austria 0.019* 0.014* −0.021***
Denmarka 0.134** 0.017 0.048***
Czech Republica na na 1.188*
Finland −0.040*** 0.032** −0.033***
Germanya na na −2.173
Italy 0.304 0.018 0.226***
Japan 0.036*** 0.033*** 0.056***
The Netherlands 0.038*** 0.027 0.020***
Spaina 0.183* 0.041*** 0.010
UK −0.008 −0.021 −0.016
USA 0.004 −0.003 0.001
Notes: Italic means significant with negative sign (depreciation), and gray means significant but with
positive sign (appreciation). Countries pooled by sector: Australia, Austria, Czech Republic, Denmark,
Finland, Germany, Italy, Japan, Spain, The Netherlands, UK and the USA; OLS with FE-DK standard errors,
with ICT intensity controls; nd, No available data. aEstimators using IV under the presence of endogenous
regressors. *po0.1; **po0.05; ***po0.01
Table IV.
Estimation of the
eduexp’s coefficient by
sector and country
Sectoral
analysis in
OECD
countries
occupations in education and health/social work. Castillo (2016) reports human capital
depreciation of up to 4 percent in the tertiary sector of Chile, and Groot (1998) finds rates of
11–17 percent per year in Great Britain and the Netherlands for workers in general, with
data from the late 1980s and early 1990s. In our analysis, the individuals for which human
capital depreciates more rapidly in the 1980s were in education with a rate of 6.3 percent, but
in the “1990s its workers” vulnerability was lower, 2.3 percent per year. For the whole
period, the maximum level was observed in mining/quarrying with 5.7 percent. In the
analysis per country, Finland was the only country in which human capital depreciated
(3.3 percent), specifically in the 1990s, and it is the country with the highest proportion of
high-skilled workers in the year 2000 (Table II).
We express depreciation of human capital as a vulnerability. The results show that not
only skilled or technological intensive sectors are vulnerable to external human capital
depreciation. The earning’s and human capital depreciation’s structural breaks from the
1980s to the 1990s were confirmed for the majority of the sectors.
6. Conclusions
Earnings from labor are the primary source of income in households, and in OECD countries
human capital investment has offered the promise of high earnings in the labor market.
Rapid technological changes since the 1980s caused concerns about the impact of
technology on unemployment and inequality in the labor market but rarely about its
relation to human capital depreciation or appreciation.
The analysis of human capital value becomes increasingly important in times in which
the rate of change in technology is growing while human capital is accumulating. This
paper analyses the depreciation of human capital in the whole economy and 15 sectors in 12
OECD countries using the EU-KLEMS panel data set for the period from 1980 to 2005. Our
comparison of depreciation rates between sectors, on the one hand, and between decades, on
the other, gives some interesting results.
First, we confirmed that human capital depreciation is heterogeneous by sector and it is
significant mainly in skill-intensive sectors regardless of its technological intensity.
Secondly, human capital also “appreciates” mainly in sectors with a preponderance of low-
skilled workers in the 1980s, a possible explanation is that in those sectors human capital
became more valuable. However, in the 1990s it was skilled biased. Lastly, structural breaks
occurred with human capital value and earning during the 1980s and the 1990s.
As there were sector aggregation issues, this kept us from analyzing subsector dynamics;
our results encourage an extension when particular subsector data are available as well as to
include other regions and time periods. Additionally, the period of analysis (up to 2005) was
restricted by the availability of data, but the study can be extended when comparable data is
updated. Furthermore, a valuable input to the analysis would be information about ongoing
training by sector to measure if it offsets human capital depreciation.
Initial education is subject to dynamic effects that should be studied to understand its
value for productivity. Clearly, a rethinking of education should unequivocally be at the
forefront of policy responsibility in order to promote continuous upgrading and revalue of
human capital. The continuing trend of technological change brings a permanent decrease
in the cost of ICTs, imposing a challenge for workers (if ICTs substitute jobs) or an
opportunity (if ICTs complement jobs).
One way to address human capital depreciation would be to offer initial education that
trains students to keep learning and to “learn to learn.” Educational systems should
guarantee that the quality and type of education provide the tools for ongoing lifelong
preparation. We all need to start action on lifelong learning. Training throughout working
life and up- and re-skilling of the workforce at all levels restores human capital lost or
diminishes the rate at which human capital erodes, and might be a source of appreciation.
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Notes
1. We appreciate the suggestions of the reviewers of our first manuscript on clarifying this point.
2. Other countries in the EU-KLEMS database, such as Canada, Poland and Slovakia, lacked
information on skill shares; and France, Portugal, Ireland and others lacked labor information.
Belgium, Hungary and Korea were also excluded for not having ICT data.
3. The following countries have a shorter data period: Australia (1982–2005), Czech Republic
(1995–2005), Hungary (1995–2005) and Germany (1991–2005).
4. Other-community, social and personal services aggregates industries with heterogeneous ICT
intensity (for example Recreational, cultural and sporting activities vs Media activities) but there
was no variability in labor composition data to be able to separate the analysis.
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